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XML is increasingly important in data exchange and information management. A great
deal of efforts have been spent in developing efficient techniques for storing, querying,
indexing and accessing XML documents. In this paper we propose a new approach to
clustering XML data. In contrast to previous work, which focused on documents defined
by different DTDs, the proposed method works for documents with the same DTD. Our
approach is to extract features from documents, modeled by ordered labeled trees, and
transform the documents to vectors in a high-dimensional Euclidean space based on
the occurrences of the features in the documents. We then reduce the dimensionality
of the vectors by principal component analysis (PCA) and cluster the vectors in the
reduced dimensional space. The PCA enables one to identify vectors with co-occurrent
features, thereby enhancing the accuracy of the clustering. We also discuss an extension
of our techniques to XML retrieval. Experimental results based on documents obtained
from Wisconsin’s XML data bank show the effectiveness and good performance of the
proposed techniques.

Keywords: Document clustering; information retrieval; data mining.

1. Introduction

XML processing is a problem of continuing interest.!»?%4:%6 For example, Jagadish
et al.” presented an algebraic language for XML querying. Chen et al.® studied
techniques for selectivity estimation in XML retrieval. Garofalakis and Kumar®
developed algorithms for comparing and correlating XML data streams. Much of the
work models an XML document using an ordered labeled tree, in which each node
has a label and the left to right order among siblings is important.'%!! For example,
Figure 1 shows an XML document and its tree representation. The simplicity and
scalability brought out by the mechanism of the tree-like information organization
contribute significantly to the success of XML technology.

Since an XML document is represented as a tree structure, one can explore the

relationship among XMLs using various tree matching algorithms.!2:13:14:15,16 A
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Fig. 1. Illustration of an XML document and its tree representation; (a) a sample XML document
and (b) the tree representation of the document in (a).

closely related problem is to find trees in a database that “match” a given pattern
or query tree.!” This type of retrieval often exploits various filters that eliminate
unqualified data trees from consideration at an early stage of retrieval. The fil-
ters accelerate the retrieval process.!® Another approach to facilitating a search is
to cluster XMLs into appropriate categories, either before or after the search is
conducted. Clustering is also helpful in information organization, data mining and
integration, among others.'8

One natural way to cluster XMLs is based on the DTD (document type defi-
nition) used for governing the construction of a specific type of XML documents.
Recently, Lee et al.'® represented DTDs as trees and proposed a technique, called
XClust, to cluster the DTDs by calculating the similarities among the DTD trees.
In XClust, the similarity between two DTDs is computed by measuring pairwise el-
ement similarities, which are obtained from summing up three weighted component
similarities associated with the element pairs in the two DTDs.

While Lee et al.’s work is useful in categorizing XML documents with different
DTDs, they do not address how to cluster XML documents sharing the same DTD.
Here we propose a new approach to clustering these documents. The XMLs we are
interested in have the same type (e.g. they all are movie documents), and share
the same DTD. We propose different algorithms to extract “features” from these
XMLs, where a feature may refer to a path or a node pair in an XML tree. Then
we transform an XML tree into a vector of features and build a high-dimensional
matrix to represent the XML trees at hand. Next, we apply principal component
analysis (PCA) to the matrix to reduce its dimensionality. Finally we use a K-
means algorithm?® to cluster the vectors residing in the reduced dimensional space
and place them in appropriate categories. We also discuss an extension of the PCA
method to support XML retrieval by accessing the vectors in the reduced dimen-
sional space.

The rest of the paper is organized as follows. Section 2 presents several algo-
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rithms for extracting features from XML. Section 3 describes the principal com-
ponent analysis method used for XML clustering. Section 4 reports experimental
results concerning the proposed clustering techniques. Section 5 discusses the ex-
tension of the PCA method for XML retrieval. Section 6 concludes the paper and
points out some future work.

2. Feature Extraction in XML

A feature extraction algorithm can be considered as a function, g, that maps an
XML tree T into a set of features F = {a1,a2,---,an}, vizg : T — {a1,a2,---,an}.
In general, g is not a bijective mapping since two different trees can be mapped into
the same set of features. In reality, however, the possibility for this to happen is
small. We present here three methods for feature extraction: path-based, nodepair-
based and hybrid.

The path-based method works by extracting all paths of lengths less than or
equal to L from the tree T, where L is a user-specified parameter value. These
paths will be used as features for T'. We refer to a path that contains the root of T’
as a root-beginning path and refer to a path that contains a leaf of T" as a leaf-ending
path. A path that starts with the root and ends at a leaf of T' is called a complete
path. Figure 2(a) shows a complete path of length 3 extracted from the XML tree
in Figure 1(b). Thus, a path extracted by the path-based method may be a portion
of a complete path. The time complexity of the path-based method is O(n? x h)
where n is the number of nodes in the tree T" and h is the height of T'.

The nodepair-based method uses node pairs extracted from the tree T" as fea-
tures. A pair of nodes u, v could have a sibling relationship, a parent-child rela-
tionship, a grandparent-grandchild relationship, or a cousin relationship, etc.? We
model these various kinds of relationship by considering the number of edges sepa-
rating u from v. Specifically, ignoring the direction of each edge in 7', we say a node
pair is of type K if the number of edges on the shortest path connecting u and v is
K. Thus, for example, a parent-child node pair is of type 1; a sibling pair is of type
2; a cousin pair is of type 4, etc. Figure 2(b) shows a node pair of type 4 extracted
from the XML tree in Figure 1(b).

The nodepair-based method extracts all node pairs of types ranging from 1 to
K from the tree T', where K is a user-specified value. These node pairs will be used
as features for T'. The time complexity of the nodepair-based method is O(K x n?),
where n is the number of nodes in the tree T. Since K is a constant, the time
complexity is asymptotically O(n?).

Finally, the hybrid method is to combine all the distinct features extracted by
the path-based method and the nodepair-based method and use them altogether as
the features for the tree T.

2y is a cousin of v if w’s parent is a sibling of v’s parent.
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Fig. 2. Two features extracted from the XML tree in Figure 1(b).

3. XML Clustering
3.1. Vector Representation of an XML Tree

Let S be a set of N XML trees that share the same DTD. Each XML tree in S can
be mapped to a set of features F using the feature extraction algorithms described
in Section 2. Without numerical representation, it would be difficult to perform
clustering on the feature sets directly. We propose here to represent an XML tree
by a vector of integer numbers using the features extracted from the trees in S.

Specifically, let £ contain the distinct features extracted by one of the methods
described in Section 2 from all the trees in S with duplicate features removed. Let
C be the size of £. Treat each feature (path or node pair) as a character string and
sort, the features based on their lexicographical order. Then we represent each tree
T as a C-dimensional vector V' in Euclidean space based on two models, boolean and
weighted. With the boolean model, the nth component of V' is 1 if the nth feature
f of £ exists in T', and the nth component of V' is 0 otherwise. With the weighted
model, the nth component of V' is the number of occurrences of the nth feature f
in T'. If this feature does not appear in 7" at all, the nth component of V is 0. It is
likely that many components (or dimensions) of V' have zero values.

Once we are able to represent an XML tree by a vector in a high-dimensional
Euclidean space, we can apply vector-based clustering algorithms (e.g. K-means)?°
to cluster these XML trees. Alternatively, one can first apply existing dimension-
ality reduction algorithms?!22:23 to these vectors and then cluster the XML trees
in a reduced dimensional space. A shortcoming of these dimensionality reduction
algorithms is that they may introduce inaccuracy in performing clustering.

We propose here to use principal component analysis (PCA) to reduce the di-
mensionality of the vectors. When one combines the vectors into a C' x N matrix
X where C' is the total number of distinct features in £ and N is the total number
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of XML trees in the given set S, one obtains a very sparse matrix in which many
entries are zeros. The PCA helps to identify significant dimensions and condense
the matrix X.

3.2. Dimensionality Reduction through PCA

Consider the C' x N matrix X with rank r where the rank represents the maximum
number of uncorrelated column vectors in X. Through singular value decomposition
(SVD),?* we can represent X as

X=U-5-v" (1)

Both U and V are orthogonal matrices. Each column of U is one of the eigenvec-
tors of the covariance matrix X - X7 where X7 is the transpose of X. Each column
of V is one of the eigenvectors of the matrix X7 - X. The r x r matrix S contains
eigenvalues of X on S’s diagonal line.

In our case, each column vector of the matrix X represents an XML tree, i.e.
each XML tree is a vector in the C-dimensional Euclidean space. The dot product
between two column vectors reflects the extent to which the two corresponding
XML trees share similar feature occurrences. Thus, we can use the dot product to
get pairwise tree distances. Let M contain pairwise tree distances, i.e. M;; is the
dot product distance between tree T; and tree T;. Then M can be derived by:

M=XT.Xx (2)

which can be generalized as:

M=U-S-vhHhT.w-s.-vh (3)
=w.s.uh.(Uv-s-v7h (4)
=Vv.s2.vr (5)
=(V-5)-(v-9)7" (6)

The derived, new representation of M tells us that the pairwise tree comparison
matrix M can be obtained through the dot product between matrices (V-S) and (V-
S)T. That is, the ith row of the N x 7 matrix (V -S) is a r-dimensional vector, which
represents the ith XML tree in the given set S. (This r-dimensional vector is also
referred to as a tree-vector.) This result indicates that after performing projection
transformation with respect to the matrix V', we can keep pairwise distances between
tree-vectors as in the original setting.

Notice that even though the SVD helps to reduce the dimensionality (from C
to r where r < min(C, N)) of a tree-vector, there may still exist some redundant
dimensions in the reduced r-dimensional tree-vector. In practice, it is possible to
further reduce the dimensionality of these tree-vectors without losing the character-
istics of the tree-vectors in the original C-dimensional Euclidean space. Specifically,



April 19, 2005 17:27 WSPC/INSTRUCTION FILE  ws-ijait

6 Wang et al.

based on the PCA, the optimal solution conditioned on the squared-error crite-
rion to represent a r-dimensional vector D by a k-dimensional vector D', k<,
is to project the r-dimensional vector onto the subspace spanned by the eigenvec-
tors corresponding to the k largest eigenvalues of the covariance matrix X - X7 .25
Consequently, we can obtain an approximation, Xy, of the original matrix X by
keeping the k largest eigenvalues of the covariance matrix X - X7 and replacing the
remaining eigenvalues with zeros. This is shown pictorially in Figure 3. Only the
shaded parts in the figure are used to construct the new matrix Xj.

Sirxr VirxN

X:CxN U:Cxr

Fig. 3. Dimensionality reduction based on PCA.

By keeping the shaded parts in Figure 3 and the k largest eigenvalues of the
covariance matrix X - X7 we rewrite Eq. (1) as:

X =Ug- S -Vl (7)

As a result, the N x k matrix (Vj, - Si) replaces the matrix (V - S) in Eq. (6).
The ith row of the matrix (V} - Si) is a k-dimensional vector, which represents the
ith XML tree in the given set S. Ideally, the value k is selected in such a way that
the sum of the k largest eigenvalues contributes to roughly 85% of the sum of all
eigenvalues of the covariance matrix X - X 7.26

4. Clustering Experiments
4.1. Data

We conducted a series of experiments to evaluate the effectiveness of the proposed
approach. The data used were two sets of XML documents taken from Wisconsin’s
XML data bank.?” The first set contained 870 articles published in ACM SIGMOD
conferences between 1993 and 1999. The second set contained XML documents
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for 240 movies. All the documents were parsed into ordered labeled trees using
the parser developed by Zhang et al.® For lengthy attributes/values of the XML
elements such as the abstracts in the SIGMOD conference papers, we selected 4 to
10 keywords depending on the length of the attribute values and used the keywords
to represent the original content.”

Each of the document sets was associated with a DTD file used to define the
structure of the XML trees in that document set. This DTD file was not considered
in our experiments. Our focus was to cluster XML documents within each document
set that shared the same DTD.¢

We used the three methods described in Section 2 to extract features from the
XML documents, namely the path-based, nodepair-based, and hybrid method. For
the path-based method, we extracted paths from an XML tree with lengths less
than or equal to a user-specified parameter value L and used the paths as the
features for the corresponding XML document. For the nodepair-based method, we
extracted node pairs of types ranging from 1 to a user-specified parameter value K
and used the node pairs as the features for the XML document. The hybrid method
combined both the paths and the node pairs and used all of them to represent the
XML document.

Table 1 summarizes the parameters and their default values used in the experi-
ments. In practice, it is hard to determine the exact number for k£ used to construct
the approximation, Xy, of X, cf. Eq. (7). Instead, in the experiments we used a pa-
rameter p—after choosing the k largest eigenvalues of the covariance matrix X - X7,
the sum of the k largest eigenvalues is equal to p X G, where G is the sum of all
eigenvalues of X - X7

Table 1. Parameters in our algorithms, their meanings and de-
fault values used in the experiments.

Parameter Meaning Value
L the maximum length for a path 3
K the maximum type for a node pair 4
D ratio of the sum of the k largest 0.85

eigenvalues over the sum of all eigenvalues

Table 2 shows some statistics concerning the data used in the experiments based
on the default parameter values given in Table 1. For each feature extraction method
described in Section 2, Table 2 lists the smallest and largest number of features

POur experimental results showed that the number of keywords chosen to represent the content
was insensitive to the relative performance of the proposed algorithms. Changing the number of
keywords yielded the same qualitative conclusion concerning the algorithms.

It is straightforward to cluster XML trees constructed by different DTDs because the extracted
features would be significantly distinctive between trees defined by different DTDs. The resulting
tree-vectors would be perpendicular to each other in calculating their similarities using the dot
product distance. Consequently the clustering result would be always 100% correct.
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extracted from the XML trees in each document set. For example, consider the
nodepair-based method and SIGMOD conference papers. The number of distinct
node pairs extracted by this method from the conference papers ranged from 70 to
220.

Table 2. Statistics concerning the XML trees and features extracted from
these trees used in the experiments.

XML Number of Nodepair-based  Path-based Hybrid
documents trees method method method
SIGMOD papers 870 [70, 220] [40,110]  [110,330]
Movie documents 240 (140, 160] [80,100] (220, 260]

The 240 movie documents were categorized into six groups based on how they
are displayed in the blockbuster video store. These six groups included (1) ac-
tion/adventure/war, (2) comedy/drama, (3) horror/mystery/thriller, (4) scientific
fiction, (5) musical, and (6) others. The 870 SIGMOD conference papers were cate-
gorized into 45 clusters. Papers in the same cluster shared a similar category, subject
description, terms and phrases according to ACM classification.

4.2. Performance Measure

To evaluate the effectiveness of the proposed approach, we did experiments by
performing clustering with and without the PCA method. The clustering algorithm
used in the experiments was the K-means method.?’ The distance between two
vectors in Euclidean space is measured by their dot product. To reduce the impact
of the lengths of the vectors when calculating their dot product, we normalize each
vector Z and denote its normalized vector as Z,,,,m Where

Z
Znorm = m (8)

[|Z]| is the length of Z. Thus, after normalization, every vector becomes a unit
vector. The dot product of two normalized vectors equals their cosine value.

We denote each group of documents as D;, 1 < i < J. Here, J is 6 for the movie
documents and 45 for the conference papers. We mix all the documents and then use
the K-means method to cluster the documents based on their vector representations.
The clustering process also produces J groups, denoted by C;, 1 < i < J. For each
unordered pair of distinct documents m,n € C;, define
0 if 3j,m,n € D;
1 if Aj,m,n € D;

The number of clustering errors, denoted &y, is calculated as follows:

J
=Y Y F(mn,C) (10)

=1 m,neC;
mEn

F(m,n,C;) = { 9)
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It is obvious that when a cluster C; is equal to or is a subset of one of the
predefined clusters D;, then C; contributes nothing to ;. On the other hand, if no
pair of the members of C; comes from the same predefined cluster, then the amount
contributed by C; to ey is (lc;l).

Finally, we define the error rate € to be:

€b

> (190

Clearly, 0 < & < 1. This ¢ will be used as the performance measure to evaluate the

e = x 100% (11)

effectiveness of the proposed clustering techniques.

4.3. Results

Figure 4 shows the error rate as a function of L with the PCA method and the
path-based feature extraction algorithm. The other parameter values are as shown
in Table 1. It can be seen that the weighted model outperforms the boolean model
for both conference papers and movie documents. When L is too small (e.g. L = 1),
too many short non-discriminative paths are generated, which dominate the feature
set. The effect of discriminative paths is reduced, yielding a high error rate. On the
other hand, when L is too large (e.g. L = 6), many long paths are generated, which
are shared by few document trees. These long paths contribute little to clustering
while weakening the effect made by discriminative features. It was also found that
there is no difference between subpaths extracted from root-beginning paths and
those extracted from leaf-ending paths.

50

20 ;\\'\ \‘A__\

Error rate (percent)
]

»m

o

1 2 3 4 5 6
L
—— movie/boolean —e®—article/boolean
- - -& - - movie/weighted - - # - - article/weighted

Fig. 4. Effect of L.

Figure 5 shows the error rate as a function of K with the PCA method and
the nodepair-based feature extraction algorithm. The other parameter values are as
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shown in Table 1. Again, when K is too small or too large, the performance is poor.
For example, for a small K, an extracted feature would be a node pair (author,
name), which helps little in the clustering process. On the other hand, for a large
K, an extracted feature would be (author, year), which doesn’t help either. More
discriminative features would be node pairs of a reasonably large K type (e.g. K =
4), such as (Jack Harris, John Smith) that includes two co-authors of an article.

50

q ]
40 o
i
A
é 30 Tl .
= [ ]
o RN
£ IR NN B
z 07 JUNRPEPEEEE
il T : _____________ il 5% SEEh
............. el
10 +
0
1 2 3 4 5 6
K
—<&— movie/boolean —=®— article/boolean
- - & - - movie/weighted - - 4 - - article/weighted

Fig. 5. Effect of K.

Figure 6 shows the impact of p for the PCA method with the nodepair-based
feature extraction algorithm. Again, the weighted model is superior to the boolean
model. The best performance is achieved when p is approximately 0.85, i.e., when
the sum of the k largest eigenvalues of the covariance matrix X - X7 is 0.85 x G,
where G is the sum of all eigenvalues of X - XT. This result is consistent with the
discussion concerning the selection of the best & value for PCA given in Section
3. A similar result was obtained for the PCA method with the path-based feature
extraction algorithm.

Figure 7 compares the proposed approach employing the PCA method with the
approach without using PCA for the movie documents. Figure 8 shows the result for
the conference papers. The parameter values used by the algorithms are as shown
in Table 1. In the figures, the white bar represents our approach with PCA and the
shaded bar represents the approach without PCA.

The figures show that the PCA method significantly improves clustering perfor-
mance. This happens because the discriminative information in the XML documents
is mainly associated with the principal components of the matrix X in Eq. (1). Thus,
when PCA is used to highlight the discriminative features while at the same time
eliminating ambiguous portions (i.e. those with eigenvalues approaching 0), the per-
formance of the clustering is improved. Notice also that for the movie documents,
the path-based method yields the best performance. On the other hand, for the
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Fig. 7. Comparison between our approach with PCA and the approach without PCA for movie
documents.

conference papers, the hybrid method is best. This happens due to the inherent
structural characteristics existing in the different document sets. In our case, the
discriminative information for the conference papers is distributed to both paths
and node pairs of the XML trees for the articles. On the other hand, for the movie
documents, the discriminative information is mainly associated with the paths of
the document trees.

5. XML Retrieval

Besides clustering, PCA can be applied to structured-based retrieval for XML
documents.?829:30 Given a query tree @) and a database of XML trees D, the goal
is to find XML trees in the database that are “closest” to the query tree and rank
those XML trees based on their closeness to the query tree. The closeness here is
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25

Error rate (percent)

path nodepair hybrid

Fig. 8. Comparison between our approach with PCA and the approach without PCA for confer-
ence papers.

measured by the similarity score calculated through the PCA method.

Specifically, the retrieval process consists of two phases. In the first phase, which
is the pre-processing phase, we extract features from the XML document trees in
the database D using the feature extraction algorithms described in Section 2. Let
£ contain the distinct features extracted from the XML document trees in D. Let
N be the size of the database D and let C' be the size of £. We build the C' x N
matrix X for the database D as described in Section 3.

We then project each vector onto the subspace spanned by the C x k matrix Uy,
shown in Eq. (7), which consists of k eigenvectors corresponding to the k largest
eigenvalues of the covariance matrix X - X7. The projected result gives a new
representation of the original XML tree within the subspace spanned by the matrix
Uy. Let X be the new matrix containing the projected vectors. We obtain

X, =Ul'-X (12)

Each column of X}, corresponds to a projected tree-vector with dimension k.

In the second phase, which is the online search phase, the query tree () is given,
and this tree is first transformed to a vector based on the weighted model described
in Section 3 by checking which features in £ exist in @. Call the resulting vector Q.
We then project Q’ onto the same k-dimensional subspace spanned by the matrix
Uj- The representation of () in that k-dimensional space is UkT Q.

Then we calculate the similarity scores between the query tree 2 and the XML

trees in the database D using the formula:
S=Ui-Q)" (U -X) (13)

where S contains all the similarity scores, in which the nth component is the sim-
ilarity score between @@ and the nth tree in the database D. The XML trees in D
can be sorted based on their similarity scores to @ stored in the matrix S. The
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XML trees with larger similarity scores are ranked higher than those with smaller
similarity scores when search results are displayed.

We have implemented the above algorithms into an XML retrieval system. Figure
9 shows a query and search results for retrieving XML movie documents. Here, the
weighted model and nodepair-based method with the default parameter values in
Table 1 were used for transforming an XML document tree to a vector. In the left,
upper window in Figure 9, an XML query is displayed which is to find all XML
documents in the database in which Orson Welles is an actor. Four search results
are displayed, with the XML document closest to the query ranked highest. In the
figure, three movie documents in which both Orson Welles and Laurence Olivier are
actors are shown in the three windows on the right side of the screen. These movie
documents are ranked higher than the movie documents in which Orson Welles, but
not Laurence Olivier, is an actor. (One of the latter documents is displayed in the
left, lower window.) This happens because Orson Welles and Laurence Olivier co-
occur frequently in the XML movie documents in the database. These co-occurring
features are captured by PCA and consequently the documents containing both
actors are very similar to the query.

| XML STRUCTURE SEARCH - Microsoft Internet Explorer

1 adiress [ ] http: fweb.nit edu/el7/PCA ouble_actor Lo Y B
W XML Tree Search Embedded with PCA [Help <FirstName =0rson </FirstName > ~
e eoaitt " |2 Sample B ‘3 Sample B [4 Algorithm <LastName>Welles </LastName>
|Queu Database |Des:rlgtmn 1Aitm> =
= — <Actors

<FirstName >Laurence </FirstName >
<l astName>0livier</LastName>

%

< i |

|

<fActor>
Please enter your XML (* o _ <Actors
3 || Search Results: : i
ere: <FirstName =Joan</Firsthame>
ories | XML data Rank 1: double_actor] xml
<Actor> e
<Firstiame>Crson
</FirstHame> XML data Rand 2: double actor2.xml o
<LastName>Welles : 18
i Address | @] http: feb.njit.edu/~j|7/PCA/double_actorZ.xml ~ | g4 6o
</LastName> XML data Rand 3: double actor3 xml |Tw_ |
</Boror> L <FirstName=0rson</FirstName > |
'| XML data Rand 4: single_actor xml <LastName>Welles</LastName>
. </Actors =
- <Actor>

<FirstName»Laurence</FirstName >
<LastName=0livier</LastName>
<fActor>
- <Actor>
<FirstName>Humphre

| address [{€] http: feb.nit.edu/~7/PCA fsingle_actor.sml v B
- <Cast> A
- <Actor> N
<FirstName>0rson</Firsthame=

</Firstlame >

<LastName=Welles</LastMame:>
</Actorz = 3 5 - .

- <Actor> S ¢ address (8] it five. it eduf~017/PCAdouble_actor 3l v B
<FirstName>Dorothy</FirstName: =
<LastName:=Comingore</LastName> <FirstName >0rson </FirstName > =

</Actorz> <L astName>Welles </ astName>

- <Actor> </Actor> = |
<FirstName =Joseph</FirstName:> - <Actor>
<LastName:=Cotten</Lasthames <FirstName=Laurence </FirstName=>

</Actor> <l astName>Olivier</LastName>
| - <Actor> </Actor>
<FirstName>Agnes</FirstName:> bl - <ACt_0f’> = . v
& Done B Internet &] Done B Internet .

Fig. 9. A query and search results for retrieving XML movie documents.
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Figure 10 shows a query and search results for retrieving SIGMOD conference
papers. The query is to find all SIGMOD conference papers in which Jason Tsong-
Li Wang is a co-author. Since Jason Tsong-Li Wang and Dennis Shasha have co-
published several papers, those papers with both Wang and Shasha are ranked
highest (shown in the three windows on the right side of the screen). Interestingly,
the search results also contain papers in which Shasha, but not Wang, is a co-author
(one such result is displayed in the left, lower window). These papers are ranked
higher than those papers in which neither Wang nor Shasha is a co-author.

~ — <authors= A
¥ XML Tree Search Embedded with PCA Help] = <author id="00">Jason Tsong-Li =
Wang</author> i
@ |1.Search @ ‘éf%plie ggﬁﬂf @ % L <author id="01">Gung-Wei Chirn</author>
i <author id="02">Thomas G. Marr</author>
. b ] <author id="03">Bruce A. Shapiro</author>
& | B <author id="04">Dennis Shasha</author>
@ Please enter your XML~ =l | <author id="05">Kaizhong Zhang </author>
bresri Search Results: | <fauthors>
- = <zconflame=>ACM SIGMOD International
Sudeaberabage?, /| XML data Rank 1: 007501.xml Confaroncaan Mamsasnsont ot
<authors> S
<author>
Jason Tsong-Li Wang XML data Rand 2: 007502 xml
</author>
</authors> XML data Rand 3: 007503 xml e =
</IndexTermPagey = <author id="00">Jason Tsong-Li T
XML data Rand 4- 007504 xml Wang</author> -
<author id="01">Kaizhong Zhang</author>

<author id="02">Dennis Shasha</author>
</authors>
<zconfName>ACM SIGMOD International
Conference on Management of B

<title id="01439067">Free Parallel Data Mining.</title>
- <authors=
<author id="00">Bin Li</author>
<author id="01"=Dennis Shasha</author>
<fauthors>
<confiame=ACM SIGMOD International Conference on
Management of Data</confNames
zconfyear>1998</confyear>

c
e <title id="01402061">Structural Matching and
Discovery in Document Databases. </title >

| i | - <authors>
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<number>2<fnumber> Wang</author>

<initPage =541 </initPage >
<endPage>543 </endPage>
- <fullText>
<size />
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&] Done B Internet A £ Internet
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<author id="02">George Jyh-Shian
Chang</authors>
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i
73

Fig. 10. A query and search results for retrieving XML conference papers.

In summary, with the PCA method, we project each XML vector into a sub-
space spanned by the k eigenvectors corresponding to the k largest eigenvalues of
the covariance matrix X - X7. This way, the significantly discriminative features
in the XML documents are captured by PCA while redundant and trivial features
are ignored. Here, the redundant features refer to those having linear correlations
among them. The trivial features refer to those that cannot contribute to separat-
ing one vector from another. In contrast to existing approaches to structure-based
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retrieval,28:29:30 the proposed approach measures the closeness of XML trees based
on the dot product of their corresponding vectors in a high-dimensional Euclidean
space and therefore is capable of finding documents with co-occurrent features.

6. Conclusion and Future Work

In this paper, we have proposed a new approach to clustering XML documents. Our
method is based on the tree representation of the XML documents and extracting
features including paths and node pairs from the XML trees. We then transform
the XML trees to vectors in a high-dimensional Euclidean space according to the
occurrences of the features in the trees. By applying the principal component analy-
sis (PCA) method to the data, our approach identifies significant dimensions in the
vectors and clusters the vectors in the subspace spanned by the significant dimen-
sions. The distance function employed in the PCA method measures the similarity
between two vectors based on the co-occurrence of features in the vectors. Thus, two
documents with many co-occurrent features are more similar than those with few
co-occurrent features. Experimental results showed that the PCA method enhances
the accuracy of clustering. We also discussed an extension of the proposed approach
to XML retrieval.

Our future work includes (i) applying our techniques to other types of tree-
structured data such as phylogenies, and (ii) developing new feature extraction
algorithms, possibly based on domain-specific substructures in trees, to improve the
effectiveness of clustering and retrieval. For example, Yoon et al.3! recently proposed
to use bitmap indexing in combination with XML-element paths, terms and words
to cluster XML documents. Pluempitiwiriyawej and Hammer®? considered XML
documents as complex objects and defined a set of distance functions for their
sub-elements and attribute values. The authors then used hierarchical clustering
methods to cluster the XML documents based on these distance functions. When
compared to the two existing methods, our approach yields slightly higher error
rates. However, by including all node labels of an XML tree and using these labels
as features, the proposed PCA method outperforms the two previous methods. We
expect even better performance can be achieved by combining the PCA techniques
with domain-specific knowledge concerning XML documents.
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